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(54) DEVICE AND METHOD FOR CLASSIFYING IMAGES USING A RANDOM MASK ATTENTION

LAYER

(57)  Acomputer-implemented method for classifying
images using an image classifier (107), wherein the im-
age classifier (107) receives an input image (106) and
outputs a classification (110), further wherein the classi-
fication depends on a second layer output of a second
layer of the image classifier (107) comprising second lay-
er output components, wherein computing the output of
the second layer comprises the following steps:

* Receive a second layer input (X) from a first layer;

» Determine a first representation (Q) of the second layer
input (X);

» Determine a second representation (K) of the second
layer input (X);

* Determine a third representation (V) of the second layer
input (X), wherein the third representation (V) comprises

205

a plurality of third representation components;

» Determine a set of weights for each second layer output
component based on the first representation (Q) and the
second representation (K), wherein each set of weights
comprises one weight for each third representation com-
ponent;

* For each set of weights, randomly determine a subset
of the corresponding set of weights, set the weights in
the subset to a predefined or random value and normalize
all other weights such that they sum to a second prede-
fined value;

» Determine the second layer output (O) by multiplying
each third representation component with its respective
weight from the second layer output component’s set of
weights.
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Description
Short summary in clear words

[0001] Theinvention concerns a method for classifying
images, a method for operating an actuator, a computer
program and a machine-readable storage medium, an
image classifier, and a control system.

Prior art

[0002] “Attention Is All You Need", Vaswani et al., pre-
print published in https://arxiv.org/abs/1706.03762v5,
2019 discloses a self-attention layer for processing se-
quential data.

[0003] “Attention Augmented Convolutional Net-
works", Bello et al., preprint published in https://arx-
iv.org/abs/1904.09925v4, 2019 discloses how the self-
attention layer from Vaswani et al. can be used for
processing image data.

Advantages of the invention

[0004] Manyreal world devices feature image sensors,
which are responsible for perceiving the environment
around the device. The received images can be used in
order to extract information around the environment and
have the device act accordingly. Typically, this requires
classifying the content of the perceived images using an
image classifier. The image classifier predicts desired
information based on the image. For example, an image
classifier used in an at least partially autonomous vehicle
may classify the surrounding road as wet or dry based
on a perceived image. However, prior art classifiers are
not perfectand may misclassify certain images. The gen-
eral ability of an image classifier to classify images cor-
rectly is known as performance. It is obvious, that a high
performance is of the utmost importance, especially if
the classifications are used for controlling the device. A
low performance of the image classifier may lead to un-
wanted and/or unsafe behavior of the device.

[0005] The advantage of the method with the features
of independent claim 1 is that it enables an image clas-
sifier to achieve even higher performance and better ex-
traction of relevant image parts for a given problem com-
pared to prior art image classifiers using self-attention
layers.

Disclosure of the invention

[0006] In afirst aspect, the invention is concerned with
a computer-implemented method for classifying images
using an image classifier, wherein the image classifier
receives an input image and outputs a classification, fur-
ther wherein the classification depends on a second layer
output of the second layer of the image classifier com-
prising second layer output components, wherein com-
puting the output of the second layer comprises the fol-
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lowing steps:

* Receive a second layer input from a first layer;

* Determine a first representation of the second layer
input;

¢ Determine a second representation of the second
layer input;

* Determine a third representation of the second layer
input, wherein the third representation comprises a
plurality of third representation components;

* Determine a set of weights for each second layer
output component based on the first representation
and the second representation, wherein each set of
weights comprises one weight for each third repre-
sentation component;

* For each set of weights, randomly determine a sub-
set of the corresponding set of weights, set the
weightsinthe subsetto a predefined orrandomvalue
and normalize all other weights such that they sum
to a second predefined value;

e Determine the second layer output by multiplying
each third representation component with its respec-
tive weight from the second layer output compo-
nent’s set of weights.

[0007] Animage classifier may be understood as a de-
vice, which determines one or many class labels for an
image or parts of an image. The classification result can
in turn be used to, e.g., control a device. For example,
an image classifier may be employed as part of a per-
ception pipeline of an autonomous vehicle. Here, the im-
age classifier can be used in order to detect whether the
vehicle is currently located in an urban neighborhood, a
rural area or a highway. This information may in turn be
used in order to activate and/or deactivate certain driving
functions and/or driving maneuvers and/or speed limita-
tions.

[0008] In general, the image classifier may determine
different kinds of class labels. For example, it can deter-
mine whether an object is present or not at a certain lo-
cation of an image. This approach is known as object
detection. Using the example of an autonomous vehicle,
object detection can be used to detect other road partic-
ipants, especially pedestrians, other vehicles and cy-
clists. The information about other road participants may
in turn be used to, e.g., plan a safe trajectory through the
environment.

[0009] Another task for which the image classifier can
be used for is semantic segmentation. Here, each ele-
ment of the image is assigned a class label from the im-
age classifier. Using the example from above, the image
classifier may be used to classify each pixel of a camera
image as belonging either to be a drivable or a non-driv-
able space. This information can again be used in order
to determine a safe trajectory.

[0010] In general, the image classifier can receive im-
age data of various modalities, especially sensor image
data as provided by video, radar, LIDAR and/or ultra-
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sonic sensors as well as images provided by thermal
cameras. Image data may also comprise audio signals
as provided by one or more microphones, e.g., as spec-
tralimages. Images can be provided by a sensor directly.
Alternatively, images may also be provided by some form
of one or more storage units, e.g., hard drives and/or
flash drives and/or solid-state drives, which comprise
previously recorded images.

[0011] Images may be obtained either through a sen-
sor or by synthesizing an image using, e.g., a computer-
based simulation model. For this, an image may, e.g., be
rendered from a virtual scene of a specific environment.
[0012] The outputfrom the image classifier can be con-
sidered a prediction about the image data based on the
image classifier's model. This prediction may be incorrect
if the model is insufficient for a given datum. In this sense,
performance of the image classifier is understood as a
measure for how often a classifier predicts adesired class
label correctly. In general, high performance is of the ut-
most importance for an image classifier. If, for example,
the image classifier is used for controlling a device, in-
correct classifications may lead to unwanted and/or un-
safe behavior of the device.

[0013] In the context of this invention, an image clas-
sifier is understood to comprise layers, which extract in-
formation and may provide this information to one or mul-
tiple other layers. The layers are organized in a prede-
fined topology in which the order is determined by the
flow of information. If a first layers provides input for a
second layer, the second layer is considered to follow
the first layer while the first layer precedes the second
layer. An input layer is considered to have no preceding
layer and to provide an image to one or multiple layers
of the image classifier. A final layer of an image classifier
is a first layer, which is not followed by any further layer.
Thefinal layer provides the output of the image classifier.
[0014] A typical example of an image classifier is a
neural network but other types of image classifiers such
as support vector machines, stacked support vector ma-
chines or random forests also follow the layered design.
[0015] The advantage of this design is that the different
layers provide increasingly abstract representations of
the data. Layers, which occur early in a classifier, typically
extract low-level representations, which can encode in-
formation about the image such as edges while layers,
which occur later in the classifier, can extract high-level
representations encoding information about, e.g., ob-
jects or parts of objects.

[0016] An image classifier can contain parameters,
which control the image classifier's outputgiven the input.
For example, a layer of an image classifier may obtain
its output by a linear transformation of its input. In this
case, the image classifier's parameters would comprise
the parameters of the transformation.

[0017] Incaseof animage classifier containing param-
eters, the classification behavior can be trained by adapt-
ing the parameters. In this context training, is understood
as optimizing the parameters of the image classifier in
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order to obtain a desired classification for a given image.
This can happen in an, e.g., supervised manner, where
the image classifier is provided with tuples of input im-
ages and desired output classifications. The parameters
can then be adapted such that the desired classifications
are obtained for the respective images.

[0018] The advantage of using the first and second in-
termediate representations in order to create sets of
weights is that unimportant content of the second layer
input can be masked out. This allows layers, which follow
the second layer in the classifier, to focus only on relevant
parts of the image, which in turn leads to an easier clas-
sification problem and thus a higher performance of the
image classifier.

[0019] The advantage of using the third representation
instead of the second layer input itself is that the second
layer may not only forward information to a succeeding
layer but can also transform the second layer input to
higher-level representation thus enriching the input with
additionalinformation. Ithas been shown thatimage clas-
sifiers using this paradigm achieve an even better per-
formance.

[0020] In the first aspect, it can be further envisioned
that the first representation and/or the second represen-
tation and/or the third representation is a linear transfor-
mation of the first layer output.

[0021] The advantage of this approach is that linear
transformations allow for fast training times as they can
be computed highly efficiently. In turn, this gives a higher
classification performance compared to slower ap-
proaches given a fixed time budget.

[0022] In the first aspect, it can be further envisioned
that all sets of weights are obtained according to the for-

_ oKT
mula " ¢ ' where S is the matrix of all sets of
weights and c is a predefined value.
[0023] Inthis scenario, the rows of Srepresent the sets
of weights, where the i-th row of S contains the weights
for the i-th second layer output component.
[0024] The advantage of using an outer product for
computing S is that all weights are computed in an effi-
cient representation. The advantage of the scaling con-
stant c is that the absolute size of values of S can be
damped. Especially when using gradient-based training
techniques, this dampening has a positive effect, as the
gradients are smoother and training converges faster.
This leads to a decreased training time, which in turn
leads to a higher classification performance as described
above.
[0025] In the first aspect, it can be further envisioned
that the set of weights is normalized by randomly setting
values of S to a predefined or random value and normal-
izing other weights of each row such that their sum equals
a second predefined value.
[0026] Theadvantage ofthis approachisthatrandomly
setting the weights to a certain value prevents the image
classifier from overfitting during training as the image

H
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classifier is trained to become robust to unexpected val-
ues in the matrix S. This acts as regularization on the
image classifier. It is known from the literature, that reg-
ularization improves classification performance even fur-
ther.

[0027] In the first aspect, it can be further envisioned
that normalization of the other weights is achieved by
applying the softmax function.

[0028] The advantage of using the softmax function is
that it typically produces very sparse outputs and thus
steers the second layer to focus on very few relevant
aspects. This is advantageous as the second layer output
focuses on relevant aspects of the second layer input,
which in turn leads to an even further improvement in
classification performance.

[0029] In the first aspect, it can be further envisioned
that normalization of the other weights is achieved by
dividing each of the other weights by the sum of all other
weights.

[0030] The advantage of using this normalization is
that it can be computed faster compared to the softmax.
Given equal training times, this improves classification
performance, as the image classifier is able to process
more images.

[0031] In the first aspect, it can be further envisioned
that the second layer output (206) is obtained according
to the formula O = SV.

[0032] In the first aspect, it can be further envisioned
that randomly setting values of S to a predefined or ran-
dom value is applied during training of the image classi-
fier.

[0033] Theadvantage ofthisapproachisthatrandomly
setting the weights to a certain value prevents the image
classifier from overfitting during training as the image
classifier is trained to become robust to unexpected val-
ues in the matrix S. This acts as regularization on the
image classifier. It is known from the literature, that reg-
ularization improves classification performance even fur-
ther.

[0034] In the first aspect, it can further be envisioned
that the method comprises the following additional steps:

* Receiving a sensor signal comprising data from a
sensor;

¢ Determining animage, which depends on the sensor
signal;

¢ Feeding the input image into the image classifier;

* Obtaining a classification that characterizes the im-
age.

[0035] Embodiments of the invention will be discussed
with reference to the following figures in more detail. The
figures show:

Figure 1  a control system comprising an image clas-
sifier controlling an actuator in its environ-
ment;

Figure 2  a preferred embodiment of an image classi-
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fier;

Figure 3  arandom mask attention layer;

Figure 4  amulti-headed random mask attention layer;

Figure 5  a control system controlling an at least par-
tially autonomous robot;

Figure 6  acontrol system controlling a manufacturing
system;

Figure 7  a control system controlling an access con-
trol system;

Figure 8  a control system controlling an imaging sys-
tem.

Description of the embodiments

[0036] Figure 1 shows an embodiment of an actuator
(113) located in its environment (101). The actuator (113)
and its environment will be jointly called actuator system.
At preferably evenly spaced points in time a sensor (103)
senses a condition of the environment. The sensor (103)
may comprise several sensors. The sensor (103) is an
optical sensor that takes images of the environment. The
sensor (103) transmits a sensor output signal (104) to a
control system (102). Optionally, the sensor (103) may
comprise multiple sensors. In this case, the sensor output
signal (104) comprises multiple sensor output signals.
[0037] The control system (102) thus receives one or
multiple sensor output signals (104) at each pointin time.
Based on these sensor output signals (104), it computes
an actuator control command (112). Optionally, the ac-
tuator control command (112) may comprise multiple
commands, e.g., for controlling multiple actuators and/or
other devices (113a).

[0038] The actuator (113) receives an actuator control
command (112), is controlled accordingly and carries out
an action corresponding to the actuator control command
(112). Optionally, the actuator (113) may comprise a con-
trollogic, which transforms the actuator control command
(112) into a further control command, which is then used
to control the actuator (113).

[0039] In order to compute the actuator control com-
mand, the control system (102) first receives the sensor
output signal (104). An optional receiving unit (105) then
transforms the sensor output signal (104) to an image
(106). If no receiving unit (105) is used, the sensor output
signal (104) may be used directly as image (106).
[0040] The image (106) is then forwarded to an image
classifier (107) which comprises at least one random
mask attention layer (205). The image classifier is visu-
alized in Figure 2; the random mask attention layer is
visualized in Figure 3. Alternatively or additionally, the
image classifier may also comprise at least one multi-
headed random mask attention layer (208). The multi-
headed random mask attention layer is visualized in Fig-
ure 4. Theimage classifier provides a classification (110).
The classification (110) comprises information that as-
signs one or more labels to the image (106). The classi-
fication is transmitted to an optional conversion unit
(111), which converts the classification (110) into the ac-
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tuator control command (112). The actuator control com-
mand (112) is then transmitted to the actuator (113) for
controlling the actuator (113) accordingly. Alternatively,
the classification (110) may directly be taken as actuator
control command (112).

[0041] The image classifier (107) comprises parame-
ters (108), which are stored in and provided by a param-
eter storage (109).

[0042] The image classifier (107) may comprise a ran-
dom mask attention layer (205). The random mask at-
tention layer receives a firstlayer output (204 ) from a first
layer of the image classifier and provides a random mask
attention layer output (206) to a following layer. Alterna-
tively, the random mask attention layer may also provide
the random mask attention layer output to a plurality of
following layers. The first layer may be either an input
layer (202) or an intermediate layer (203) in the image
classifier (107). Alternatively, the random mask attention
layer output may (209) be used as classification (110) of
the image classifier directly.

[0043] The firstlayer output (204) may consist of a plu-
rality of first layer output components, which are stored
as pixels in a 3-dimensional tensor of a certain height (h)
and width (w). In an optional step, the first layer output
(204) may be transformed into a 2-dimensional matrix,
which is used as random mask attention layer input (X)
by stacking all pixels such that the pixels are indexed
along the height of the 2-dimensional matrix. Alternative-
ly, if the first layer output is already in the form of stacked
pixels it can be used directly as random mask attention
layer input (X). The random mask attention layer input
consists of a plurality of random mask attention layer in-
put components and there exist as many random mask
attention layer input components as there are first layer
output components.

[0044] In a next step, a first representation (Q) a sec-
ond representation (K) and a third representation (V) can
be obtained through three linear transformations of ran-
dom mask attention layer input (X) with a first matrix (W),
a second matrix (W) and a third matrix (W,) such that:

Q = XW,
K = XW,
V= XW,

For this, the first matrix (W) and the second matrix (W)
are chosen to be of the same width. Alternatively, the
first representation (Q) and/ second representation (K)
and/or third representation (V) may be obtained through
a non-linear transformation, e.g., by applying a neural
networks to the random mask attention layer input (X).

[0045] Inanextstep, amatrix Sis computed according
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_ ox”
to the formula Vad * where dis the width of matrix
W,. Each row of S represents a set of weights for each

random mask attention layer input component with re-
spect to a certain random mask attention layer output
component (313). Then, a plurality of elements of S is
determined randomly and all these elements are set to
apredefined value, e.g., 0. The softmax function can then
be applied along the rows of S for the remaining elements
of S, such that the remaining elements of each row of S
sum to 1. Alternatively, the remaining weights may be
normalized by dividing each remaining weight of a row
by the sum of the remaining weights of the respective
row. For both approaches, the resultis a matrix S#. Then,
the random mask attention layer output (O) is computed
as follows: O = S*#V, where each row of O is a random
mask attention layer output component (313). The ran-
dom mask attention layer output components can then
be rearranged to the height (h) and width (w) of the ran-
dom mask attention layer input. Alternatively, the random
mask attention layer output can be used directly without
reshaping it. This can be used if, e.g., the layers following
the random mask attention layer output (O) do notrequire
the attention layer output components to be in the form
of a tensor.

[0046] Alternatively or additionally, the image classifier
(107) may comprise a multi-headed random mask atten-
tion layer (208). The multi-headed random mask atten-
tion layer (208) receives a new first layer input (207) and
provides it to a plurality of random mask attention layers
(205a, 205b, 205¢). The plurality of random mask atten-
tion layer outputs are then concatenated (401). In an op-
tional step, the concatenated random mask attention lay-
er outputs (401) can be processed by a linear transfor-
mation in order to produce a multi-headed attention result
(402) which is used as multi-headed random mask at-
tention layer output (209). Alternatively, the concatenat-
ed random mask attention layer outputs (401) can be
used directly as multi-headed random mask attention lay-
eroutput(209). The multi-headed random mask attention
layer output (209) can then be reshaped to the height
and width of the new first layer input (207). Alternatively,
the multi-headed random mask attention layer output
may be provided to any following layer without reshaping
it.

[0047] In further embodiments, it can be envisioned
that the control system (102) may comprise the sensor
(103). In even further embodiments, the control system
(103) alternatively or additionally may comprise the ac-
tuator (113).

[0048] In still further embodiments, it may be envi-
sioned that the control system (102) controls a display
(113a) instead or in addition to the actuator (113).
[0049] Furthermore, the control system (102) may
comprise a processor (114) (or a plurality of processors)
and at least one machine-readable storage medium
(115) on which instructions are stored which, if carried
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out, cause the control system (115) to carry out a method
according to one aspect of the invention.

[0050] In a particular embodiment shown in Figure 5,
the control system (102) is used to control at least parts
of an at least partially autonomous robot, e.g., an at least
partially autonomous vehicle (501).

[0051] The sensor (103) may comprise a video sensor
and/or aradar sensor and/or an ultra-sonic sensor and/or
a LiDAR sensor and/or a thermal camera. Some or all of
these sensors are preferably but not necessarily integrat-
ed in the vehicle (501).

[0052] In the case of an at least partially autonomous
robot, the control system (102) may control the robot such
that it safely navigates its environment. For example, us-
ing theimage (106), the classifier (107) may, for example,
detect objects in the vicinity of the robot. The classifica-
tion (110) may comprise information, which characteriz-
es where objects are located in the vicinity of the robot.
The actuator control command (112) may then be deter-
mined in accordance with this information, for example
to avoid collisions with the detected objects.

[0053] The actuator (113), may comprise one or mul-
tiple actuators such as a brake and/or a propulsion sys-
tem and/or an engine and/or a drivetrain and/or a steering
ofthe vehicle (501). The actuator control command (112)
may be determined such that the actuator (113) is con-
trolled such that the vehicle (501) avoids collisions with
the detected objects. Detected objects may also be clas-
sified according to what the image classifier (107) deems
them most likely to be, e.g. pedestrians or trees, and the
actuator control command (112) may be determined de-
pending on the classification. For example, if a detected
object is deemed to be a tree, the actuator control com-
mand (112) may be chosen to have the vehicle’s trajec-
tory pass the object closer compared to if it was deemed
a pedestrian.

[0054] In further embodiments, the robot may be given
by another mobile robot (not shown), which may, for ex-
ample, move by flying, swimming, diving or stepping.
Among others, this mobile robot may be an at least par-
tially autonomous lawn mower, or an at least partially
autonomous cleaning robot. In all of the above embodi-
ments, the actuator control command (112) may be de-
termined such that the propulsion unit or units and/or
steering and/or brake of the mobile robot are controlled
such that the mobile robot avoids collisions with the iden-
tified objects.

[0055] Inafurtherembodiment, the robotmay be given
by a gardening robot (not shown), which uses the sensor
(103) to determine a state of one or more plants in the
environment (101). The actuator (113) may be a nozzle
for spraying fluids such as water and/or liquid chemicals
and/or may control a cutting device such as a blade
and/or a pair of scissors. Depending on anidentified plant
species and/or an identified state of the plant or plants,
the actuator control command (112) may be determined
to cause the actuator (113) to spray the plants with a
suitable quantity of suitable fluids or cut the plant using
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the cutting device.

[0056] Infurther embodiments, the robot may be given
by a domestic appliance (not shown), for example a
washing machine, a stove, an oven, a microwave, or a
dishwasher. The sensor (103) may detect a state of an
object, which is to undergo processing by the household
appliance. For example, in the case of the domestic ap-
pliance being a washing machine, the sensor (103) may
detect a state of the laundry inside the washing machine.
The actuator control command (112) may then be deter-
mined depending on a detected material of the laundry.
[0057] Figure 6 shows an embodiment in which the
control system (102) is used to control a manufacturing
machine (603), e.g. a punch cutter, a cutter or a gun drill
of a manufacturing system (601), e.g. as part of a pro-
duction line. The control system (102) controls an actu-
ator (113) which in turn controls the manufacturing ma-
chine (603).

[0058] The sensor (103) may comprise one or more
cameras, which capture properties of, e.g., a manufac-
tured product (602a). The image classifier (107) may de-
termine a state of the manufactured product (602a) from
these captured properties. The actuator (113), which
controls the manufacturing machine (603), may then be
controlled depending on the determined state of the man-
ufactured product (602a) for a subsequent manufactur-
ing step of the manufactured product (602a). Alternative-
ly, it can be envisioned that the actuator (113) is control-
led during manufacturing of a subsequent manufactured
product (602b) depending on the determined state of the
manufactured product (602a).

[0059] Figure 7 shows an embodiment in which the
control system (102) controls an access control system
(701). The access control system (701) may be designed
to physically control access. For example, it may com-
prise a door (702) which in turn may comprise an actuator
(113) which opens and closes the door. The sensor (103)
can be configured to observe parts of the environment
(101) in order for the control system (102) to decide
whether access is to be granted or not. For example, the
sensor may comprise a camera, which is used to record
the area in front of the door (702). If a person enters, e.g.,
the area in front of the door, the image classifier (107)
may detect the person’s face, determine the person’s
identity and provide the identity as classification (110).
The conversion unit (111) may then determine whether
the person is eligible for entrance based on matching the
identity with known identities stored in a database. If the
person is eligible for entrance, the actuator control com-
mand (112) instructs the actuator (113) to open the door.
[0060] Figure 8 shows an embodiment of the control
system (102) for controlling an imaging system (801), for
example a magnetic resonance imaging apparatus, x-
ray imaging apparatus, a positron emission tomography
apparatus or an ultrasonic imaging apparatus. The sen-
sor (113) may, for example, provide a magnetic reso-
nance image, an x-ray image, an image of a positron
emission tomography or an ultrasonic image depicting
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at least parts of a person. The image classifier (107) may
then determine a classification of all or part of the sensed
image. The actuator control signal (112) may then be
chosen in accordance with this classification, thereby
controlling adisplay (113a). For example, theimage clas-
sifier (107) may detect regions of potentially malicious
body tissue of the person. In this case, the actuator con-
trol command (112) may be determined to cause the dis-
play (113a) to display the sensed image and highlight
the regions of the potentially malicious body tissue.

Claims

1. A computer-implemented method for classifying im-
ages using an image classifier (107), wherein the
image classifier (107) receives an inputimage (106)
and outputs a classification (110), further wherein
the classification depends on a second layer output
of a second layer of the image classifier (107) com-
prising second layer output components, wherein
computing the output of the second layer comprises
the following steps:

* Receive a second layer input (X) from a first
layer;

« Determine a first representation (Q) of the sec-
ond layer input (X);

» Determine a second representation (K) of the
second layer input (X);

* Determine a third representation (V) of the sec-
ond layer input (X), wherein the third represen-
tation (V) comprises a plurality of third represen-
tation components;

» Determine a set of weights for each second
layer output component based on the first rep-
resentation (Q) and the second representation
(K), wherein each set of weights comprises one
weight for each third representation component;
* For each set of weights, randomly determine
a subset of the corresponding set of weights, set
the weights in the subset to a predefined or ran-
dom value and normalize all other weights such
that they sum to a second predefined value;

» Determine the second layer output (O) by mul-
tiplying each third representation component
with its respective weight from the second layer
output component’s set of weights.

2. The method according to claim 1, wherein the first
representation (Q) and/or the second representation
(K) and/or the third representation (V) is a linear
transformation of the second layer input (X).

3. Method according to claim 1 or 2, wherein all sets of
weights are obtained according to the formula
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10.

1.

12.

13.

QKT
¢ ’ where Sis the matrix of all sets of weights
and c is a predefined value.

Method according to claim 3, wherein each set of
weights is normalized by randomly setting values of
S to a predefined or random value and normalizing
the other weights such that their sum equals a sec-
ond predefined value.

Method according to claim 4, wherein normalization
of the other weights is achieved by applying the soft-
max function.

Method according to claim 4, wherein normalization
of the other weights is achieved by dividing each of
the other weights by the sum of all other weights.

Method according to any of the claims 5 or 6, wherein
the second layer output (206) is obtained according
to the formula O = SV.

Method according to claim 7, wherein randomly set-
ting values of S to a predefined or random value is
applied during training of the image classifier.

The method according to any one of the preceding
claims further comprising the steps of:

*Receiving a sensor signal (104) comprising da-
ta from a sensor (103);

» Determining an input image (106), which de-
pends on the sensor signal (104);

* Feeding the input image (106) into the image
classifier (107);

+ Obtaining a classification (110) that character-
izes the inputimage (106).

A computer-implemented method for using animage
classifier (107) according to claim 1, the method
comprising all the steps of the method according to
claim 9 and further comprising the step of:

» Determining an actuator control signal (112)
depending on the classification (110).

A computer program comprising instructions, which
cause said computer program to carry out the meth-
od according to any of the preceding claims if said
computer program runs on a computer.

A machine-readable storage medium on which the
computer program according to claim 11 is stored.

A control system (102) for operating an actuator
(113), wherein the control system (102) comprises
an image classifier (107) according to any of the
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claims 1 to 10 and wherein the control system (102)
is configured to operate the actuator (113) in accord-
ance with the classification (110) of the image clas-
sifier (107).

Amended claims in accordance with Rule 137(2) EPC.

1.

A computer-implemented method for classifying im-
ages using an image classifier (107), wherein the
image classifier (107) receives an inputimage (106)
and outputs a classification (110), further wherein
the classification depends on a second layer output
of a second layer of the image classifier (107) com-
prising second layer output components, wherein
computing the output of the second layer comprises
the following steps:

* Receive a second layer input (X) from a first
layer;

« Determine a first representation (Q) of the sec-
ond layer input (X), wherein the first represen-
tation (Q) is obtained through a linear transfor-
mation of the second layer input (X) or a non-
linear transformation of the second layer input
X);

» Determine a second representation (K) of the
second layer input (X), wherein the second rep-
resentation (K) is determined through a linear
transformation of the second layer input (X) or
a non-linear transformation of the second layer
input (X);

* Determine a third representation (V) of the sec-
ond layer input (X), wherein the third represen-
tation (V) is determined through a linear trans-
formation of the second layer input (X) or a non-
linear transformation of the second layer input
(X), further wherein the third representation (V)
comprises a plurality of third representation
components;

» Determine a set of weights for each second
layer output component based on the first rep-
resentation (Q) and the second representation
(K), wherein each set of weights comprises one
weight for each third representation component;
* For each set of weights, randomly determine
a subset of the corresponding set of weights, set
the weights in the subset to a predefined or ran-
dom value and normalize all other weights such
that they sum to a second predefined value;

» Determine the second layer output (O) by mul-
tiplying each third representation component
with its respective weight from the second layer
output component’s set of weights.

2. Method according to claim 1, wherein all sets of

weights are obtained according to the formula
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10.

1.

12.

T
s =Y

¢ ’ where Sis the matrix of all sets of weights
and c is a predefined value.

Method according to claim 2, wherein each set of
weights is normalized by randomly setting values of
S to a predefined or random value and normalizing
the other weights such that their sum equals a sec-
ond predefined value.

Method according to claim 3, wherein normalization
of the other weights is achieved by applying the soft-
max function.

Method according to claim 3, wherein normalization
of the other weights is achieved by dividing each of
the other weights by the sum of all other weights.

Method according to any of the claims 4 or 56, where-
in the second layer output (206) is obtained accord-
ing to the formula O = SV.

Method according to claim 6, wherein randomly set-
ting values of S to a predefined or random value is
applied during training of the image classifier.

The method according to any one of the preceding
claims further comprising the steps of:

*Receiving a sensor signal (104) comprising da-
ta from a sensor (103);

» Determining an input image (106), which de-
pends on the sensor signal (104);

* Feeding the input image (106) into the image
classifier (107);

+ Obtaining a classification (110) that character-
izes the input image (106).

A computer-implemented method for using animage
classifier (107) according to claim 1, the method
comprising all the steps of the method according to
claim 8 and further comprising the step of:

» Determining an actuator control signal (112)
depending on the classification (110).

A computer program comprising instructions, which
cause said computer program to carry out the meth-
od according to any of the preceding claims if said
computer program runs on a computer.

A machine-readable storage medium on which the
computer program according to claim 10 is stored.

A control system (102) for operating an actuator
(113), wherein the control system (102) comprises
an image classifier (107) according to any of the
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claims 1 to 9 and wherein the control system (102)
is configured to operate the actuator (113) in accord-
ance with the classification (110) of the image clas-
sifier (107).
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